Amazonian Dark Earths (ADEs) are fertile soils for agricultural production as well as important archaeological resources for understanding the pre-Columbian past of the Neotropical lowland rainforest. ADEs are threatened by expanding land exploitation and there is a need to develop efficient approaches to soil mapping and analysis for documenting these soils. In this paper we assess the potential of satellite remote sensing and proximal soil sensing to map, predict and monitor ADEs in land affected by agro-industrial development. We use instruments based on portable x-ray fluorescence (PXRF) and electromagnetic induction (EMI) as well as high-resolution satellite data (Spot 6) for detailed soil surveys at a 10-ha ADE site now mainly used for soybean production on the Belterra Plateau, Pará, Brazil. We predict the regional occurrence of ADE in a c. 250 km 2 test area centred on the known ADE site São Francisco using satellite data. Multivariate adaptive regression splines models were parameterised for predictions of soil organic carbon (SOC), cation exchange capacity (CEC), phosphorus (P) and depth of the A horizon in ADEs from sensor data -both from individual sensors and in sensor combinations. Combining sensors gave the best validation results: the highest modelling efficiencies (E) were 0.70 (SOC), 0.88 (CEC) and 0.74 (for both P and A depth). The most powerful single proximal sensor outputs in the predictions were Sr from the PXRF data and magnetic susceptibility (MSa) as measured by the EMI instrument. In the regional satellite based model we located 17 previously unrecorded ADE sites N2 ha. Ground control checks showed that 10 out of 11 sites were correctly classified. We conclude that these sensors are useful in studies of ADE in deforested cropland and provide new opportunities for detailed studies of the archaeological record.
Introduction
Amazonian Dark Earths (ADEs; also known as terras pretas) rich in nutrients, organic matter and carbon in the very stable form of biochar (pyrogenic carbon) are unique agricultural resources distinct from the strongly weathered soils that dominate in the Amazon. ADEs are of great interest as providers of important ecosystem services and as multi-facetted and rich archaeological sources of information that have helped to revise the interpretation of pre-Columbian Amazonia. ADEs contain high frequencies and densities of cultural artefacts, and archaeological and pedological investigations demonstrate that ADEs have formed as a result of human activities mainly during the later pre-Columbian period (c. CE 0-1500) (Glaser and Birk, 2012; Steiner et al., 2004; Woods and Denevan, 2010) . Owing to their capacity to sequester carbon and hold soil nutrients ADEs form important models for current efforts to produce soils with similar qualities, particularly in the tropics (Lehmann, 2007; Lehmann and Joseph, 2009; Verheijen et al., 2010) . In Amazonia, ADE patches vary in size from under a hectare to several hundred hectares and are highly valued by farmers, both smallholders and large-scale soybean producers. Incited by regional and national economic growth interests and the demand for protein fodder in the global livestock industry, ADEs have increasingly been brought under agro-industrial cultivation (Morton et al., 2006; Richards et al., 2015) . The expansion of agro-industrial production has propelled intense debates over environmental and social impacts and load displacements (e.g. Hornborg, 2009 ). As part of this critique it has largely been assumed rather than shown in detail that agro-industrial land management erodes the long-term conservation of both the agricultural and archaeological properties of ADEs. In the Santarém-Belterra region of the Brazilian Amazon in western Pará, deforestation associated with cash-crop mono-cropping for national and global fodder markets and cattle breeding for meat production has precipitated fundamental landscape change over the last decades ( Fig. 1) (Corrêa et al., 2011) ; the inauguration of a modern grain terminal for oceanic transportation at the port of Santarém in 2003 facilitated this development. Based on current understanding of the distribution of ADE sites in this region (Nimuendajú, 2004; Söderström et al., 2013; Stenborg et al., 2012) we know that land clearance often will, intentionally or unintentionally, make ADEs available to agro-industrial farming. In the face of the ongoing exploitation of land in the region it is of fundamental concern to develop methods for mapping, predicting and assessing how largescale cultivation using modern methods affect the archaeological and pedological record, as well as to monitor its effects on soil quality.
Despite an increasing volume of inter-disciplinary ADE research over the last two decades regional and local-scale mapping of ADE is fragmentary and remains largely in its infancy. Current distribution maps indicate clustering on floodplain bluffs of major rivers and near current population centres, such as at the soybean frontier in the Santarém-Belterra area (McMichael et al., 2014) , but there may be a bias towards accessible areas (WinklerPrins and Aldrich, 2010) . Hence, there is a need to develop efficient approaches to soil mapping and analysis for documenting ADEs. In recent years, digital soil mapping (DSM) has been developed as a cost-efficient approach to predict spatial patterns of soil properties across geographical scales by integrating quantitative methods with proximal and remote sensing imagery, soil data and other covariates such as digital elevation data (Boettinger, 2010; Minasny et al., 2008) . DSM is particularly useful in regions, such as the Amazon, where the available information on the quality of land and soil resources that guides land-use planning is often fragmentary and coarse in resolution; in the Amazon region only very general soil maps are available except in smaller areas where more detailed surveys have been carried out (Fearnside and Leal Filho, 2001; Quesada et al., 2011; Teixeira et al., 2008) . Thayn et al. (2011) discuss the possibility to use satellite based remote sensing for locating ADE in forested parts of the Amazon Basin, in particular by correlating differences in vegetation composition with soil quality, thus distinguishing forest on ADE soils from forest on the relatively poor soils that dominate the region. Another far more straightforward approach is to use satellite-based remote sensing in areas with limited vegetation, such as those cleared for mechanized agriculture. Mostly applied in local-scale studies, proximal soil sensing (PSS; when sensors are used in close contact with or within a distance of a few meters from the soil) is a way to rapidly and often non- Fig. 1 . A-D. Land-use change in the Amazon near the confluence of the Tapajós and Amazon Rivers (see inset in A). Over this 19 year period the character of land use changes from smallscale, forest-fallow smallholder agriculture and forest to large fields of mechanized agriculture dominated by soybean production. Landsat 5 images 1991-2010 of the Belterra Plateau study area south of Santarém city in Pará, Brazil. Colour and structure can be used for interpretation, e.g.: dark green = forest; large, homogenous light green areas = agricultural land with vegetation; violet = agricultural fields without vegetation. The black line represents road BR-163. The white square shows the location of Fig. 2 . (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.) destructively measure different soil properties directly or indirectly on the soil surface or of a given soil volume. PSS instruments can for example be based on reflectance of visible and near infrared radiation, x-ray fluorescence, gamma radiation or electrical conductivity (Adamchuk et al., 2015) .
The objective of this study was to assess the potential to use different soil sensing techniques-satellite remote sensing and proximal soil sensors, separately and in combination-for mapping exploited ADEs. This forms an important step towards a better understanding of how mechanized agriculture impacts the long-term maintenance of soil properties and the archaeological record of pre-Columbian Amazonian social-ecological systems. The ultimate goal of this study is to provide an operational case study for how such sensing methods can be employed both regionally and locally for rapid appraisal of the occurrence of ADEs in areas that have been subjected to deforestation and subsequent conversion to agricultural land.
Materials and methods

Study area
The study comprises a 256 km 2 area on the Belterra Plateau, some 30 km south of the city of Santarém in the state of Pará, Brazil (Fig. 1 ). The Belterra Plateau is an upland environment elevated about 150 m above the Amazon and Tapajós river floodplains that geologically is part of the Cretaceous Alter do Chão Formation (Irion, 1984) . ADE occurs in patches surrounded by Ferralsols that dominate the region in general. The study area consists both of secondary forest and large, open fields dominated by modern, mechanized soybean and maize production. In the secondary forest local smallholders practice shifting cultivation that results in a mosaic of vegetation with mostly shrub and medium-high forest. Most of the large fields were opened up in this area during a rapid expansion of soybean production in the first decade of this century (Fig. 1) . A total of six ADE sites at least partly located in fields cleared for large-scale agricultural production were known from an earlier archaeological survey in the study area (Stenborg et al., 2012) . A detailed soil survey was conducted in November and December 2012 at São Francisco, an ADE site to the most part situated within an agricultural field under mechanized production of soybeans and maize. Archaeological data suggest that São Francisco formed a small settlement with at least three probable house complexes located adjacent to a circular depression probably of pseudokarstic origin, c. 40 m in diameter and about 2 m deep, possibly modified and used as reservoir. Similar features are common in the Belterra region (Stenborg et al., 2014) . Results from the preliminary analysis of the excavated material suggest a date of occupation to c. CE 1000-1500.
Data for regional prediction mapping of ADE occurrence
A model for predicting ADE occurrences in areas of non-vegetated arable land (further described in Section 2.6 Statistical analyses) under mechanized production was made based on data from a high-resolution satellite image (Spot 6, Airbus Defence and Space, Toulouse, France) from November 27, 2012 (at the time of field work) with spectral bands: panchromatic (PAN; 450-745 nm), blue (B; 450-525 nm), green (G; 530-590 nm), red (R; 625-695 nm) and near-infrared (NIR; 760-890 nm). Spot 6 images have a spatial resolution of 1.5 m in the panchromatic band and 6 m multispectrally. To reduce the impact of varying radiance levels between fields due to differences in management, the radiance of each spectral band of the satellite data were field-wise level-adjusted (the average radiance of a field was set to the average of the surrounding fields). The three visible bands were highly correlated and recalculated to a visible light similarity index (SI SAT ) estimated as the inverse of the standard deviation of the digital numbers of B, G and R (Eq. 1). This index, which will become higher if one of the bands differ from the others, was used together with data from the PAN and the NIR band in the regional modelling instead of the individual visible bands.
Detailed soil survey
Detailed soil surveys (including soil sampling, soil profile descriptions and measurements with two different types of sensors) were carried out in November and December 2012 at São Francisco, where the ADE soil extends over slightly N 10 ha, most of which is within an open arable field under soybean and maize cropping using modern agricultural methods. Transects for soil sampling were manually laid out guided by visual assessments of ADE properties (dark colour and presence of pottery sherds on the surface; Fig. 2 ). The transects were placed to cover both ADE and Ferralsol areas and were oriented NW-SE so that they would not coincide with the windrows from tillage of the field and strings of ashes from recent burning of vegetation residues (remnants from when the field was cleared from vegetation about 10 years ago; visible as stretches of dark soil colour in Fig. 2 ). Reference soils without any visible anthropic influence other than present-day farming (samples no. 55-59 in Fig. 2 ) were sampled some distance away from the area covered by the transects. Soil samples (0-20 cm depth) were taken with an auger at sample points located every 40 m along the transects. In total 65 soil samples were collected, eight in the forested area and the rest in the agricultural field. Where the A-horizon was thicker than 20 cm, 20-40 cm depth was also sampled (30 locations). At each sampling location a composite sample consisting of three cores was taken in a triangle with a side of approximately 2 m, and the depth and the Munsell colour of the A-horizon were noted. A number of soil profiles were also sampled, described and classified according to the World Reference Base for Soil Resources (IUSS Working Group WRB, 2014) . One set of soil profile pits were dug to study a sequence from more brownish to more blackish anthropic soil (samples no. 101-104 in Fig. 2 ). In these soil profiles description and sampling (in the profile wall) was made down to 50 cm depth. Profile description and sampling was also made of one of the reference soils (sample no. 105 in Fig. 2 ) following the same protocol. Three soil profiles were also described and sampled (e1, e3, and e4 in Fig. 2 ) in archaeological test-pit excavations. In all soil profiles sampling depths were determined by the genetic horizons. All soil samples were air-dried at 45°C and sieved through a 2 mm mesh previous to laboratory analyses. The positions of pits and sampling points were registered by a TDS Nomad GPS (Tripod Data Systems, Corvallis, OR, USA).
Soil laboratory analyses
Soil pH was measured both in water and KCl in a soil:solution ratio of 1:2.5; the soil organic carbon (SOC) content was determined by wet oxidation with K-dichromate with a modified Walkley & Black method (Embrapa, 2009) ) with 1 M KCl. The exchangeable cations were analysed with atomic absorption spectrophotometry (AAS). Exchangeable acidity (H + +Al 3+ ) was determined volumetrically by a back-titration of the acetate extract with NaOH, using phenolphthalein as indicator. Contents of sand (2-0.05 mm), silt (0.05-0.002 mm) and clay (b0.002 mm) were determined by wet sieving and densiometersedimentation measurements, using calcium hexametaphosphate 0.1 M and sodium hydroxide 0.1 M as dispersing agents (Gee and Bauder, 1986) . Cation exchange capacity (CEC) at pH 7 and base saturation (BS) were calculated from analyses of base cations and exchangeable acidity.
Proximal soil sensors
Two types of non-invasive geophysical instruments were used for soil scanning in the field:
I. A sensor based on electromagnetic induction (EM38-MK2; Geonics
Ltd., Mississauga, ON, Canada) that registers the apparent soil electrical conductivity (ECa in mS m −1
) at two depths simultaneously, mainly 0-0.5 m and 0-1 m depth, denoted ECa05 and ECa10 respectively, as well as values proportional to the apparent magnetic susceptibility (MSa), denoted MSa05 and MSa10. MSa has an effective depth about half of that of ECa (the depth response of MSa with this type of instrument have been discussed e.g. in Clark, 1990; Benech and Marmet, 1999; Simpson et al., 2010) (Fig. 3A) . II. A portable x-ray fluorescence (PXRF) analyser (Niton XL3t GOLDD+; Themo Scientific, Billerica, MA, USA) for detection of the total concentrations of many elements in samples of about half a cubic cm of soil (Fig. 3B ).
EM38 measurements were made at a duration of 15 s at 60 of the soil sampling points (53 in the agricultural field and seven in the forested area) with the instrument 15 cm above the ground (z = 15) and also placed directly on the ground surface (z = 0). Since response functions are non-linear the response depth of the sensors will change if the instrument height changes. Consequently, this method of measurement resulted in four values of ECa and MSa at each soil sampling point. The position of the EM38 was registered by a TDS Nomad GPS (Tripod Data Systems, Corvallis, OR, USA).
PXRF measurements were made on the soil surface at the same soil sampling locations as the EM38 measurements, using the Test-all-geo calibration (specific for the Thermo Scientific instrument) which is suitable for quick scanning of a broad range of elements in soils, returning concentrations and measurement standard deviations on 45 elements starting from Mg and heavier. The limit of detection (LOD) is suggested as three times the returned standard deviation (Weindorf et al., 2012a) . PXRF measurements in soil are affected by a number of conditions such as water content and structure (Potts and West, 2008) , suggesting that measurements directly in the field may be relatively uncertain in absolute terms. However, in this case obtaining absolute concentrations was not the ultimate goal, merely to include PXRF data as auxiliary data for predictions of some key ADE properties. Three measurements were done at each soil sample location (at the locations where the subsample soil core was subsequently obtained), and the average of the element concentrations was used. Measurement time was four minutes in total for each PXRF measurement (one minute per filter), i.e. twelve minutes per sampling site. Seven of the elements from the PXRF measurements (Al, Ca, Fe, Si, Nb, Sr and Th) were used in further analyses and modelling. These were all above the LOD (on average 3.8 [Ca] to 20 [Fe and Nb] times N the measurement standard deviation) and also correlated (p b 0.05) to at least one of the ADE properties modelled in this research.
Statistical analyses
Maps as well as spatial and image analyses were carried out in ArcGIS 10 (ESRI Inc., Redlands, CA, USA) with the extension Spatial Analyst. Linear regression was used for testing the use of single sensor Fig. 2 . The São Francisco (SF) ADE site north-east of Belterra. The field background is a panchromatic satellite image (Spot 6, November 27, 2012) classified in three classes according to greyscale level in the image. Limits were assigned to the 20th and the 40th percentile of the grey scale levels which subjectively fitted well with the visual impression during field work (which was the basis for placement of transects and sampling sites): dark red-brown background = strongest ADE character; light brown background = weaker ADE character; light yellow = reference soil without ADE character. Labelled samples are mentioned in the text. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.) outputs for predictions of key ADE soil properties (CEC, SOC, thickness of the A horizon and P; lnP was used since the data distribution was very skewed). A data mining method, multivariate adaptive regression splines (MARSplines; Hastie et al., 2009) , was used for combining sensor outputs in multivariate prediction models. The package Earth (Milborrow, 2015) in the R software (R Core Team, 2014) was used for MARSplines modelling, a form of non-parametric regression in which the data are divided into a number of piece-wise linear splines (H m ) that are split at break points (t):
The ADE properties studied (Y ADE ) were estimated as a function of the predictors (x). The intercept parameter β 0 was added to the weighted (by βm) sum of M basis functions and their interactions (k):
To make as simple models as possible no interactions were allowed (k = 1). To reduce the risk of over-fitting, a built-in pruning function was used to remove functions that did not substantially contribute to the prediction accuracy.
The soil data from the arable field at São Francisco was randomly divided into a calibration dataset (n = 40) and a validation set (n = 13; Fig. 2 ). In addition to testing univariate prediction models, based on each of the sensor outputs (the linear regression analysis), four different sets of predictors from the sensors were used individually or in combination (Table 1) in MARSplines models for each ADE property.
All models were validated by making predictions for the validation samples, and the statistics mean absolute error (MAE), root mean square error of prediction (RMSEP) and the Nash-Sutcliffe model efficiency (E; indicates how well a plot of observed and predicted values fit the 1:1-line; Nash and Sutcliffe, 1970) were calculated.
In the regional modelling only the presence or absence of ADE on land under mechanized agricultural production without vegetation at the time of image acquisition was predicted, also through MARSplines modelling. For the predictions a regional dataset was used consisting of about 1.3 million grid points with the spectral information from the multispectral Spot 6 satellite image corresponding to the centre of the 6 × 6-m 2 cells (the data used for the regional modelling is described in Section 2.2 and in Table 1 ). For calibration and validation, a binary dataset was produced consisting of 120 of the grid points, of which 60 were randomly chosen within the six known ADE locations (from the study of Stenborg et al. (2012) ; the extent of these sites was verified by visual inspection) and assigned 1, and the other half (assigned 0) arbitrarily located outside these ADE sites. Hence, at each known ADE site there were 10 points assigned 1 and ten points assigned 0. All 20 points belonging to an ADE site were removed at a time for calibration and subsequent validation. A calibration model based on all calibration sites were then applied onto the entire regional prediction dataset, which yielded a map of likelihood (0-1) of ADE at any grid point in the region. For ground truth validation eleven of the predicted ADE locations were visited in October 2014. It was assessed whether the soil was an ADE or not on the basis of visual, qualitative inspection of the occurrence of preColumbian ceramic sherds, the presence of charcoal and soil colour on the surface. The selection of sites for field assessment was based on accessibility.
Results
3.1.
Detailed soil survey at the São Francisco ADE site 3.1.1. Soil properties and soil classification There were clear gradients in topsoil properties along the soil sampling transects, from the reference soils towards the soils with increasingly pronounced ADE character (Table 2 ). Average SOC content was 42 mg kg − 1 in the most developed ADEs on arable land in the São Francisco area, compared to 23 mg kg − 1 in non-anthropic soils. CEC was also highest in the most developed ADEs. The pH-H 2 O also increased, from 5.3 in reference soils to 6.6 in the ADEs, and thus acidity decreased and BS increased accordingly. Higher CEC and higher BS in the ADE also mean that concentrations of exchangeable cations were considerably higher than in the reference soil samples (for correlation coefficients see Table 3 ). Phosphorus concentrations were much higher in the ADEs than in the reference soils. Soil analyses of the samples from the forest area indicated that most of them had a pronounced ADE character. Disregarding the five reference soils, over 80% of the sampled soils had a P concentration of 30 mg kg −1 or higher, which is required for classification as a pretic surface horizon according to IUSS Working Group WRB (2014) . A pretic horizon must also have a depth of 20 cm or more. The medium developed ADEs, according to the colour classification in Fig. 2 , had an average A-horizon depth of 22 cm in the auger cores. Half of the locations had an A-horizon depth ≥ 20 cm. Three quarters of the strongly developed ADEs had an A-horizon ≥20 cm; in two sites it was 40 cm and the average depth was 25 cm. The deepest A-horizon (54 cm) was recorded in excavation pit 3 (e3 in Fig. 2 ). A non-anthropic reference soil (no. 105 in Fig. 2 ) in the NW part of the study area was classified as Xantic Ferralsol (Clayic, Hyperdystric, Vetic) (IUSS Working Group WRB, 2014; data and soil profile descriptions of soils mentioned in this section are presented in Eriksson et al. (2016) ). This is the same classification as non-anthropic soils in proximity to another ADE location (at Bom Futuro) 15 km SW of the São Francisco study site (Söderström et al., 2013) , except for an Acric prefix qualifier at Bom Futuro which could not be determined in the São Francisco soil. Our general impression is that this part of the Belterra Plateau is dominated by this type of very clayey Ferralsols. The proposed classification of the soils in the excavation pits is Pretic Anthrosol (Clayic, Eutric, Ferralic). For the soil in the deepest excavation pit (e3 in Fig. 2 ) Eutric can be detailed to Hypereutric, while the other two soils presumably are Epieutric and Orthoeutric respectively (depths below 77 and 59 cm respectively were not sampled). The sequence of soil profile pits along the gradient of increasing ADE character in the southern part of the area (no. 101-104 Fig. 2 ) had A-horizon depths of around 20 cm. A depth of 20 cm in combination with fulfilment of other criteria, e.g. a colour value ≤4 and a chroma ≤3 and a Mehlich P content of N 30 mg kg −1 , show that these have a diagnostic Pretic horizon, but it is not thick enough for classification as Anthrosol. In an Anthrosol the antropogenic horizon should be at least 50 cm thick. The classification would be Pretic Xantic Ferralsol (Clayic, Hyperdystric, Vetic).
Sensors for mapping ADE properties at São Francisco
It was more efficient to combine sensors in comparison to using single sensor outputs for predictions of SOC, CEC, lnP and depth of the A horizon (A depth). Validation statistics for the best predictor sets and the best single predictors for each sensor are shown in Table 4 . Concerning the single sensors, strontium determined by the PXRF (Sr PXRF ) was the single most useful element measured by that sensor; in particular lnP and CEC could be predicted relatively well with a simple linear model of Sr PXRF . In the combined predictor set models, also Fe PXRF , Ca PXRF and Al PXRF were included in different models but not Nb PXRF and Th PXRF . When calibrating a MARSplines model, not all predictors in a set are forced into the model, only useful predictors are included. For the EMI instrument, it was MSa10 z0 that was most often included in prediction models. Also the readings of MSa10 z15 and ECa10 z15 were often included, i.e. values from the coil configuration rendering the deepest measurements and when the instrument was held 15 cm above the ground. The shallow measurements were seldom included in the multivariate prediction models. However, the best validation statistics for A depth (MAE 4.3 cm; RMSEP 5.3 cm; E 0.70) was achieved with a model that combined MSa05 z0 and MSa10 z0 (Eq. (4)). The best sensor combination to predict CEC according to the validation statistics were PXRF (Ca PXRF , Sr PXRF and Fe PXRF ) and the EMI Table 2 Summary statistics of soil properties at São Francisco. Averages and standard deviations (within parentheses) for the 0-20 cm layer unless otherwise specified. The classification into weak, medium and strong ADE is shown in Fig. 2 (7) 33 (15) 155 (37) 76 (15) Arable soils Reference 3 (2) 38 (7) 1.7 (0.4) 7 (2) 56 (9) 102 (12) 45 (6) ADE weak b1 61 (32) 3.4 (1.6) 13 (4) 35 (18) 113 (23) 66 (18) (3) 27 (9) 179 (22) 85 (6) Forest soils b1 100 (30) 2.5 (2.0) 22 (11) 44 (21) 168 (41) 74 (10) ADEs with an A-horizon thicker than 20 cm 0-20 cm b1 127 (23) 4.3 (1.7) 24 (5) 29 (16) 184 (23) 84 (8) (5) 30 (13) 122 (26) 75 (10) Table 3 Soil properties correlation coefficient (r) matrix* of all soil samples shown in Fig. 2 (n = 65). For units, see instrument held at 15 cm above the ground (MSa10 z15 ) (combined predictor set ab; letters explained in Table 1) Reflectance from the ground surface as registered by the Spot 6 satellite was also often well correlated to the analysed ADE indicators, but was less commonly selected by the data mining method in the combined models. However, the single best predictor for SOC and A depth were the satellite PAN and NIR predictors, respectively. In the best performing combined models for SOC, the satellite PAN predictor combined with sensor reading from the EMI instrument held at 15 cm height (ECa05 z15 and MSa05 z15 ) were included (combined predictor set bd: MAE 4.3 g kg 
Scatterplots of observed and predicted values of CEC, SOC, lnP and A horizon depth of the best models are shown in Fig. 4A-D. where PAN FLA is the field-wise level-adjusted radiance of the panchromatic band. Results of the cross-validation process are displayed in Fig. 5 , which shows that for predicted probabilities above 0.4, all validated sites were ADE. The map produced by the final calibration model based on all calibration data presented in Fig. 6 shows reclassified ADE predictions (ADE criteria used: predicted likelihood N 0.6 and ADE area N 2500 m 2 ). The areal threshold removed most of the strips of recently burnt material (as those shown in light brown in Fig. 2) , which otherwise were frequently classified as ADE. In total 99 sites (except for the calibration ADE sites) larger than 2500 m 2 were classified as ADE, with a total coverage of 170 ha. Seventeen of these sites were larger than 2 ha. Eleven of the mapped ADE sites were visited in the field in October 2014 (site nos. 1-11 in Fig. 6 ). All but one (number 10 in Fig. 6 ) could with certainty be assessed as an ADE according to soil colour, presence of pottery sherds and occurrence of charcoal on the soil surface. The largest predicted site in the study area covered 20.5 ha (site number 11 in Fig. 6 ). However, judged from the shape and general appearance in the map, some of the predicted sites are likely to be strips of recently burnt material from the clearing of the land (e.g. south of the São Francisco site in Fig. 6 ). Nevertheless, these sites represent only a small part of the classified sites.
Regional mapping of ADE in agricultural land
Discussion
Our results from this and previous studies (Araújo et al., 2015; Söderström et al., 2013) show that it is possible to make rapid but still quite detailed mapping of ADE sites using different kind of sensors. EMI instruments are increasingly used in detailed soil surveys in the framework of precision agriculture. Most frequently it is the soil ) and depth of the A horizon (A depth; cm). The predictor sets refer to data from different sensors: a = PXRF; b = EMI (Z = 15 cm); c = EMI (Z = 0 cm); d = satellite (details in Table 1 apparent electrical conductivity (ECa) that is used. In the soils of the study area, however, the apparent magnetic susceptibility (MSa) is particularly useful to discriminate ADE from the background soil. Frequent burning of soil producing soil temperatures N 400°C may in the presence of soil organic matter transform iron oxides to magnetic minerals, such as magnetite and maghemite, and a number of studies indicate that prolonged prehistoric occupation can result in elevated levels of magnetic susceptibility of affected soils (Blake et al., 2006; Jordanova et al., 2001; Söderström et al., 2013; Tite and Mullins, 1971; Marwick, 2005) . High MSa is a useful marker of burning residues associated with settlement and land use activities of the indigenous Amazonian population during the time of ADE formation. In forested areas, where it is more difficult to visually inspect the ground compared to agricultural fields, a non-invasive instrument that measures MSa is efficient for rapidly mapping the extent of ADE sites (Söderström et al., 2013) . The deeper measurements of the EMI sensor (ECa10 and MSa10) were more often included in the prediction models used in this study, than were the more shallow registrations (ECa05 and MSa05). Holding the instrument 15 cm above the ground or putting the instrument on the ground did not produce major differences in the correlations, although the ground predictors (z = 0) were more often selected in the prediction models when sensors were combined. Especially in densely vegetated terrain it is difficult to hold the instrument at a constant height if measurements are done continuously while walking. Since the effective measurement depth is affected by the height of the instrument, it may in such cases be advantageous to place the instrument on the ground to reduce registration noise. Data from both the ground sensors and the satellite image were correlated to a number of key ADE properties. However, since many of these key properties were also strongly correlated with each other, these results should be interpreted with some caution. A key property of ADEs is the accumulation of pyrogenic C, contributing to SOC. Both the satellite images and the EMI measurements are affected by the content of SOC. Since the soils in the studied area appeared to be rather homogenous with a strongly weathered mineralogy (also indicated by Irion, 1984) , it can be assumed that there is little variation in the CEC of the mineral soil. Thus the spatial variation of the CEC of the soil should mainly be determined by SOC. In the ADE soil analyses there is thus a strong correlation between CEC and SOC (Table 3) . Therefore, there is also a strong correlation between satellite data and EMI data and CEC. The PXRF does not measure SOC or CEC, but our data indicate that it can be used to predict CEC and indirectly SOC, as also shown in Weindorf et al. (2012b) . In that study, Sr was consistently included in regression analyses between SOC and PXRF data at three different locations in North America.
In our case, measurements of Sr was the best single predictor for CEC (Table 4) . Ca and Sr are geochemically strongly associated (Bowen and Dymond, 1955) why Sr performed slightly better in the prediction models is that these values were more stable than the Ca values; the Sr concentrations measured by the PXRF were on average 6 times higher than the returned standard deviation, compared with b 4 times higher for Ca. A possible reason for the observed relationship to CEC is that the amount of Ca
2+
and Sr 2+ (the latter ion at a much lower concentration level though) adsorbed on the exchange complex is higher the higher the CEC. In our data there is a very strong correlation between exchangeable Ca 2+ and CEC (Table 3) . However, the PXRF measurements should reflect the total Ca and Sr concentration in the soil. The presumable reason why total Ca and Sr in this case reflects the CEC of the soil is that a major part of these elements present in the soil is retained in exchangeable form to the negatively charged soil particles. The background Ferralsol at the SF site contain only small amounts of Ca-minerals (about 2000 mg kg −1 according to the PXRF measurements), which is typical for the strongly weathered upland soils in the Amazon Basin (Curi and Franzmeier, 1987; Irion, 1984; Sombroek, 2000) . Al PXRF and Fe PXRF were negatively correlated to the soil properties that are typical indicators of ADE. Fe was, together with Ca and MSa, included in the best prediction model for CEC. Even if the PXRF instrument only measures a soil surface area of about 1 cm 2 and has a measurement depth of a few millimetres, the values obtained indicated the general conditions in the topsoil; mixing of the soil through cultivation practices is likely beneficial in this case. In this paper we have showed that satellite images are a powerful tool to detect ADEs in arable land with bare soil, and thereby it is possible to better understand their distribution regionally. This is not surprising since these soils have very different reflectance characteristics compared to the yellowish or reddish Ferralsols that dominate in the region (shown in Table 4 ). Assuming that 90% of the mapped ADE sites are correctly classified in the regional study (which is a reasonable estimation based on the results of the cross-validation (Fig. 5) and the field assessment of the predictions), and that the investigated area is representative for the Belterra Plateau, ADE covers about 3% of the total land area in this region. This figure corresponds to a recent estimate by McMichael et al. (2014) . They presented a probability model of ADE occurrences over the entire Amazon basin and concluded that about 3% had the conditions that made ADE formation possible. In our current understanding of ADE distributions throughout the Amazon region, most sites, as well as the largest sites recorded, are located on lower, non-flooded floodplain bluffs (WinklerPrins and Aldrich, 2010) . This study, as well as those of, e.g., Mann (2002) ; Stenborg et al. (2012) , and Schaan (2016) , indicate that earlier assessments of the distribution of ADE sites focusing on locations in near proximity to the main waterways of the central Amazon may be fragmentary and at least partly a result of survey bias. In this study area, as many as 17 "new" ADE sites larger than 2 ha were identified by modelling of remote sensing data, clearly demonstrating the utility of remote sensing approaches to understand Amazon soil and pre-Columbian settlement distributions.
A major lacuna in our current understanding of the management and stewardship of ADE soils is how they respond to large-scale modern cultivation of soybean. Description and monitoring of such soils is important in issues concerning understanding of the state and rate of change of carbon stock in this part of the terrestrial biosphere. ADEs have formed as a result of human action in the distant past and their key soil properties have been maintained for centuries. The introduction and expansion of large-scale mechanized agriculture in the Amazon have been regarded as fundamental problems from the antiquarian Fig. 5 . Results of cross-validation of the regional prediction model of ADE on arable land. One ADE site out of six was removed at a time, and the calibration model for the remaining sites was deployed to estimate the likelihood for the 20 observation points (10 ADE and 10 non-ADE) at the withheld site. perspective to preserve this cultural heritage. Until very recently, archaeologists have only had a faint understanding of pre-Columbian archaeological sites in the Amazonian uplands (or terra firme) (e.g. through the limited but valuable work of Curt Nimuendajú on the Belterra Plateau in the 1920s [Nimuendajú, 2004] ). The evidence now surfacing on the Belterra Plateau (Araújo et al., 2015; Mann, 2002; Schaan, 2016; Söderström et al., 2013; Stenborg et al., 2012) furthers our understanding of the pre-Columbian past, but it is ironic that the resource exploitation and infrastructural investments that are part of bringing this evidence to light are also the greatest threats to the preservation of the record. It is uncontroversial that tillage is destructive to non-buried archaeological sites; within the tilled layer archaeological strata, contexts and features are disturbed or obliterated, and artefacts and ecofacts are damaged and/or removed from their original position. As a result, the information potential of the archaeological record decreases. Deforestation in preparation of cropland and the mechanical work of agricultural machinery will impact negatively the preservation of affected ADE as a composite archaeological record. The value of exploited ADEs in terms of the archaeological information these provide is, however, a poorly investigated issue, in part since it is a recently realized problem. However, at São Francisco soil profile investigations indicated a shallow tilled layer depth of b20 cm, meaning that in more developed ADEs the lower archaeological strata remained essentially undisturbed from mechanical work; the archaeological strata extended well below the cultivation zone in the archaeological test excavation sites. Ceramics and other archaeological artefacts of the tilled zone are certainly not found in situ, but tests elsewhere indicate that artefact movement due to cultivation is mainly vertical, rather than horizontal (see e.g. Araujo, 2001; Isendahl and Olsson, 1996 and references cited therein). While disturbance is certainly significant, also disturbed and shallow ADEs maintain a (albeit lower) level of information potential on pre-Columbian activities. This and a range of other impacts need to be investigated in further detail. For instance, the application of fertilizers, e.g. phosphorous, may obscure the archaeological recording and interpretation of pre-Columbian element deposition. However, no significant such effect was visible in our studies of fields that have quite recently been brought under cultivation. Brought together, the impact of mechanized agriculture on ADE is fundamentally different from smallholder shifting cultivation practices to prepare the land, weed, plant and harvest manioc and other crops, even if these also involve a degree of topsoil disturbance. Developing robust methods to locate and map exploited ADEs by remote and proximal sensors is the first, necessary step in the process of evaluating how ADEs respond to mechanized agriculture.
Conclusions
Through a regional prediction model of ADE based on data from an optical, high-resolution satellite we located and delineated 17 previously unrecorded ADE sites larger than 2 ha in deforested land now used for agricultural production. We showed that it was possible to calibrate data from both an EMI sensor and a handheld PXRF sensor to predict values of key ADE indicators. The most useful measurement variables were magnetic susceptibility (MSa) of the EMI sensor and Sr from the PXRF. If the sensor data were combined, it was possible to produce even better models for prediction of ADE properties.
Since the accessibility of the ADE sites is facilitated through the conversion to open cropland, paradoxically, the on-going land use-change that threatens the archaeological record may result in new opportunities for detailed studies.
Mapping currently exploited ADEs and monitoring changes in soil properties under different agricultural regimes, including different types of large-scale, mechanized agriculture, is of chief concern. The use of remote and proximal sensors improves the possibilities to do so.
